Background: Definition of response is critical when seeking to establish valid predictors of treatment success. However, response at the end of study or endpoint only provides one view of the overall clinical picture that is relevant in testing for predictors. The current study employed a classification technique designed to group subjects based on their rate of change over time, while simultaneously addressing the issue of controlling for baseline severity.
INTRODUCTION
The utility of treatments for major depressive disorder (MDD) is most often defined by the gold standard outcomes of nonresponse, response, and remission after an acute treatment that typically lasts 6-12 weeks. In particular, remission (Frank et al., 1991) has been identified as the goal of treatment for MDD due to its strong association with restoration of functioning and durability of wellness (Keller, 2004) . However, some patients achieve remission early in a treatment course while others show a more delayed improvement, suggesting different mechanisms of recovery may be involved across remitters. Thus, classifying all remitters as a single group may confound efforts to identify predictors of recovery. Identifying an early response has been shown to be useful in predicting later response to both medication and cognitive behavior therapy (CBT) (Ilardi & Craighead, 1994; Lewis, Simons, & Kim, 2012; Lutz, Stulz, & Kock, 2009; Szegedi et al., 2009; Tadic et al., 2010; Uher et al., 2010) and may also reflect placebo responsiveness, which is highly relevant for clinical trials (Kasper, Spadone, Verpillat, & Angst, 2006; Shelton et al., 2007) . Perhaps more importantly, characterizing nonresponse has been shown to be beneficial when identifying biomarkers that can aid in making recommendations for different types of treatment (Dunlop, Rajendra et al., 2017; Dunlop, Kelley, McGrath, Craighead, & Mayberg, 2015; McGrath et al., 2013; . More specifically, defining and characterizing consistent nonresponse throughout a treatment course may allow us to identify those patients who may need a switch to an alternative treatment (Holtzheimer & Mayberg, 2012) .
Toward the goal of identifying different classes of treatment response, a number of studies have used latent-class trajectory analysis to identify groups of subjects with similar rates of change (slopes) in depressive symptoms over time; these classes can be conceptualized as response rate profiles (RRP). These analyses provide a mechanism for using all longitudinal data throughout the treatment period to classify subjects into groups as opposed to using only end-of-study response criterion. These studies have included various subgroups of patients and treatment modalities (Gueorguieva, Mallinckrodt, & Krystal, 2011; Lutz et al., 2009; Muthen, Asparouhov, Hunter, & Leuchter, 2011; Smagula et al., 2015; Stulz, Thase, Klein, Manber, & Crits-Christoph, 2010; Uher et al., 2010 Uher et al., , 2011 . In general, most studies comprised comparisons of antidepressant medications; of these, only some were randomized trials (Lutz et al., 2009; Stulz et al., 2010) , and all were of 8-12 weeks in duration. Although various measures of depression were used to define symptom change, most showed evidence of a nonresponse group (Hunter, Muthen, Cook, & Leuchter, 2010; Lam, 2012; Muthen et al., 2011; Smagula et al., 2015; Thibodeau et al., 2015; Uher et al., 2010 Uher et al., , 2011 ) and a clear "early response" group (Lutz et al., 2009; Muthen et al., 2011; Thibodeau et al., 2015; Uher et al., 2010 Uher et al., , 2011 . Notably, very few of these studies have identified biomarkers related to these response classes, with only one study identifying possible genetic markers (Hunter et al., 2010; Uher et al., 2010) .
In contrast, a number of genetic variants have shown to be associated with endpoint response to antidepressant medication (Breitenstein, Scheuer, & Holsboer, 2014) , with some verified by more recent metaanalyses (Niitsu, Fabbri, Bentini, & Serretti, 2013; Porcelli, Fabbri, & Serretti, 2012) . Much less work has examined the effects of genetic variants on psychotherapy treatment outcomes (Lester & Eley, 2013) .
Most importantly, the majority of these studies have not made adjustment for the baseline severity part of the classification procedure. Baseline severity, therefore, remains the most significant predictor (Hunter et al., 2010; Lutz et al., 2009; Smagula et al., 2015; Stulz et al., 2010; Thibodeau et al., 2015; Wardenaar, Monden, Conradi, & de Jonge, 2015) as well as the most prominent characteristic of the classes. In fact, most of the descriptions of the various derived classes reflect this (Thibodeau et al., 2015) , and a number of studies have noted that baseline severity was the main element of the classification, hindering profile interpretation (Smagula et al., 2015; Stulz et al., 2010) . Moreover, high baseline severity was consistently associated with both nonresponse and response trajectories (Smagula et al., 2015; Thibodeau et al., 2015) . This indicates that severity itself is not a consistent predictor in all patients, and may be the result of regression to the mean for a subset of patients (Benedetti, Carlino, & Pollo, 2011) . Given the high correlation between measures of anxiety and depression, lack of adjustment for baseline severity may also be the reason behind the widely replicated finding of baseline anxiety as a consistent negative predictor of treatment response (Fava et al., 2008; Forand & DeRubeis, 2013; Gueorguieva et al., 2011; Lewis et al., 2012; Stulz et al., 2010) . In fact, a post hoc adjustment for the level of baseline depression is often employed when evaluating potential predictors of treatment outcome (Hunter et al., 2010; Porcelli et al., 2012) .
Thus, to define meaningful RRPs, it would be more beneficial to adjust for baseline when defining the response groups, rather than doing it post hoc, to control for extraneous factors such as regression to the mean. In the classification setting this addresses the question:
Are there groups of subjects with similar change over time, if they were roughly equivalent at baseline? (Laird, 1983) . Thus, the current study derived RRP with the baseline effect statistically removed, and then tested for predictors of rate of response.
MATERIALS AND METHODS

Study overview and participants
The current study evaluated data collected from the Emory Predictors of Remission in Depression to Individual and Combined Treatments (PReDICT) study, for which the rationale, methods, and design have been previously published (Dunlop et al., 2012; . The study was conducted through the Emory Mood and Anxiety Disorders Program in English-language clinics at Emory University and in Spanish-language clinic at Grady Hospital in Atlanta. All participants allocation across treatment groups, prior to opening the study for enrollment the treatment assignment was generated using randomized permuted blocks. Randomization blocks were stratified for the English-and Spanish-language clinics. Blood for genetic analysis was collected at the baseline visit. Predefined outcome definitions and exclusion criteria are detailed in (Dunlop et al., 2012) . A subset of the subjects (n = 251; 73%) completed the full 12 weeks of treatment.
Nonremitters at the end of phase 1 were offered an additional 12-week phase 2 treatment with augmentation therapy: a 16-session course of CBT was added to those who had initially received medication, and escitalopram was provided to the patients who had not remitted with CBT. Study approval was granted by the Emory Institutional Review Board and the Grady Hospital Research Oversight Committee.
Genetic measures for analysis
To evaluate the biological relevance of the identified RRPs, we exam- Niitsu et al., 2013; Paddock et al., 2007) ; (3) rs4713916 (FKBP5) (Lekman et al., 2008; Zou et al., 2010a) ; (4) rs1954787 GRIK4 (Paddock et al., 2007) ; and (5) rs6265 (BDNF) (Colle et al., 2015; Niitsu et al., 2013; Zou et al., 2010b) . All of these variants have been shown to be associated with response to multiple classes of pharmacological antidepressants.
For the purpose of analysis, we identified the allele predictive of response for each candidate gene. Each subject has zero, one, or two copies with one or two copies considered a carrier. We then calculated genetic scores across all five genetic variants using: (1) the sum of response alleles per subject (0-10), as well as the (2) response carrier counts per subject (0-5). For the BDNF (rs6265) gene, the literature has identified both G allele carriers as well as GG homozygotes as response patterns. However, in this study 97.9% of subjects were G allele carriers, which did not allow differentiation across response groups; thus, the GG homozygotes comprised the "response" category. This grouping is supported by a recent clustering approach that showed stronger evidence for the homozygote as the response category (Kautzky et al., 2015) . Further details are in the Supporting Information.
Statistical analysis
Analyses were performed on the Hamilton Rating Scale for Depression (HRSD) measured at baseline, weekly through week 6, and at weeks 8, 10, and 12. The primary analyses examined changes in HRSD total score over the 12 weeks of treatment. The traditional criteria reported in the published study were used for endpoint classification: remission (HRSD17 ≤7), response (≥50% improvement without reaching remission), partial response (30-49% improvement), and nonresponse (<30% improvement).
Latent class analysis was used to group subject-level trajectories; groups were based on the intercept and slope of the change for each individual (Muthen & Shedden, 1999) . The current analyses were performed using the "gllamm" add-on to Stata (Rabe-Hesketh et al., 2004) . Although the goal for the current study was to obtain categories for baseline-controlled change in HRSD (bc-ΔHRSD), consistent with previous approaches and for comparison of results, an analysis was conducted without the baseline control (Supporting Information). Fit criteria, including Bayesian information criterion (BIC), and the BIC log Bayes factor, were examined to choose the appropriate number of classes from the multiple solutions, similar to (Smagula et al., 2015) . In addition, model fit was examined using the average posterior probability of group membership. The baseline HRSD showed considerable variation (mean 19.8 ± 3.8, range: 15-33). All available data at each follow-up were used, that is, all 344 randomized subjects were part of the trajectory analysis; however, endpoint classes can only be compared for protocol completers (n = 251). The use of all randomized subjects refers to the less-biased mixed model solution that invokes the missing at random assumption for longitudinal data (Mallinckrodt et al., 2003) . To determine the effects of missing data on the latent class analysis, we also derived classes on the "per protocol" subset of the data (n = 234) defined in for comparison. All patients were combined across treatments and response profiles were obtained for the entire sample, as well as within treatment group to ensure that there were no profiles that were unique to treatment group. Combined profiles are preferred (Lutz et al., 2009; Muthen et al., 2011; Stulz et al., 2010; Uher et al., 2010) 
RESULTS
Response rate profile (RRP) definition
Linear trajectories were sufficient to summarize the classes as quadratic models provided no further increases in goodness of fit (data not shown). BIC criterion demonstrated that for the combined group analyses, the HRSD longitudinal data were best fit into five bc-ΔHRSD profiles (Table 1) Comparison of the RRPs to endpoint categories (Table 2 ) revealed a significant association (Somers' d = −0.64, P < .0005), but not duplication. Of those with endpoint nonresponse (n = 46) only 45.6%
(n = 21) had consistent nonresponse throughout the period, identifying a unique group of subjects. In addition, we identified an early remission (12.5%) subgroup, distinct from other remitters. It is evident from the fitted correlations that baseline severity is much more strongly related to nonresponse rather than early response, and the adjusted baselines reflect that (Table 2) .
Clinical predictors
For testing of characteristics as possible predictors of RRP, we created an ordinal variable representing time to response (1 = early remission, 2 = delayed remission, 3 = gradual remission, 4 = minimal response, and 5 = no response). Notably, very few demographic variables were associated with RRP (Table 3) 
Genetics predictors
The sums of response alleles (erem-nresp Cohen's d = 0.64) and allele carriers (erem-nresp Cohen's d = 0.80) of the five genetic variants previously associated with antidepressant treatment response were also associated with time to response (Table 4a ). More specifically, there was a clear association between higher score (genetic "loading") and earlier time to response, providing more evidence for a possible biological association. The endpoint response groups (Table 4b) actually higher than the mean of the remitter group. Because all of the examined genetic variants were indicators of antidepressant medication response, we tested the combined medication group (n = 229) separate from the CBT group (n = 115). Although these data are not powered to be definitive in terms of interaction, the data do show that the pattern of association in the CBT group is consistent with that in the medication group. Post hoc comparisons of the means of the RRPs on the sum of the carrier alleles (Bonferonni corrected) indicated that only the early responders were differentiable from both the minimal response (P = 0.03) and nonresponse (P = 0.016) groups. In contrast, for endpoint response, none of the post hoc comparisons were significant. To assess the need for adjustment for population stratification, principal components (PCs) of the genetic relationship matrix were calculated (Yang, Lee, Goddard, & Visscher, 2011 ) and mapped to demographic characteristics. The first two PCs explained approximately 9% of the variance and clearly mapped to the three racial/ethnic categories of non-Hispanic White, Hispanic, and non-Hispanic Black, indicating the PCs can be used for racial/ethnic composition adjustment. The first component was associated with all genetic variants, but only the second component was associated with RRP. Thus, population stratification is unlikely to be a confounder of response prediction. Nevertheless, we proceeded to calculate the significance after adjusting for the first two components; the values changed only slightly (resp allele sum Z = −2.01, P = 0.045, resp carr count: Z = −2.56,
Augmentation success in nonremitters
To further evaluate the added value of the longitudinal classification, 
DISCUSSION
The current analyses were designed to test the utility of deriving RRPs in depressed patients based on a growth mixture model that included a parameter controlling for baseline severity. Five RRPs were identified, including two trajectories of poor response and three trajectories for remission. A polygenic score representing a sum of previously identified "response" alleles was shown to be significantly related to RRP, with higher scores being associated with earlier response. The fact that the relationship is consistent across all levels of response is unique to this study, and is important as we acknowledge that depression response is not truly a binary phenomenon. However, identifying levels of early and nonresponse is particularly useful for treatment recommendations, and the data indicate that the genetic score is beneficial in identifying these groups. The score was not associated with endpoint response categories in the same way, exhibiting both an inconsistent relationship in the partial response category and no significant differences between remitters and nonresponders. These results suggest that RRPs derived in this way may provide more consistent predictors of treatment response in depression than traditional endpoint analyses.
The association between genetic score and response was similar among CBT-and medication-treated patients, indicating that the association between these single nucleotide polymorphisms (SNPs) and response in previous studies may be indicative of an overall propensity toward response rather than a treatment-specific biomarker. Notably, the only other trajectory analysis to report genetic predictors (Uher et al., 2010 ) also identified 5HTR2A alleles (rs9316233, rs2224721)
as predictors of early response to escitalopram, however, no nonresponse groups were derived in that analysis, so it is difficult to compare results. Interestingly, although not yet replicated, the serotonin transporter (Kohen et al., 2011) and 5HTR2A (Kotte, McQuaid, & Kelsoe, 2007 ) polymorphisms evaluated in this study have also been associated with response to psychotherapy for depression. This provides additional support for the use of these genetic scores to identify early responders and nonresponders to conventional treatments.
The lack of demographic and clinical predictors of response is not surprising given very few have been replicated across studies (Dunlop, 2015; Weitz et al., 2015) . This is similar to the results reported for endpoint categories in the PReDICT study. As stated in the introduction, the lack of association with baseline anxiety levels could be in part due to the combination of high correlation between baseline HRSA and HRSD scores (r = 0.65, P < 0.005) and lack of adjustment in past studies. This may also occur because the threshold for baseline HRSD in the current study was lower than in some pharmaceutical trials. However, the average baseline HRSD was approximately 20, with only 15% of the subjects having the minimum baseline score of 15. In addition, the distribution of the baseline HRSD was remarkably normal, which is a requirement of any of the longitudinal analyses that attempt to fit slope profiles over time.
We feel that the spread of the severity levels of depression are comparable to what is seen in clinical practice, and thus our results are more generalizable than studies that apply a higher minimum score for inclusion. Furthermore, there is considerable recent evidence that treatment benefits are not limited to those subjects with more severe scores (Fountoulakis, Veroniki, Siamouli, & Moller, 2013; Gibbons, Hur, Brown, Davis, & Mann, 2012; Weitz et al., 2015) .
Further work is required to understand the implications of an early treatment response. There are differing opinions as to whether an early response is due to treatment (Tang & DeRubeis, 1999) , other nonspecific factors (Ilardi & Craighead, 1999 Thomas & Persons, 2013) , or may represent placebo response in some cases. However, controlling for baseline severity, and thus for regression to the mean, does remove one source of this association, giving the trajectories a higher likelihood of being treatment related. The slower response to CBT versus antidepressant medications has been previously reported (Keller et al., 2000) ; nevertheless, the overall efficacy of the treatments does not differ by the end of 12 weeks of treatment.
Recent approaches for imaging biomarkers have demonstrated the utility of contrasting remitters and nonresponders at endpoint McGrath et al., 2014) or tiered approach to response prediction. Although the polygenic score did not provide information specific to the minimal versus consistent nonresponse distinction, the phase 2 data support the use of these classifications for further biomarker studies. Although no classification system for MDD is likely to achieve 100% accuracy, there can still be great value in stratifying (Kapur, Phillips, & Insel, 2012) patients into risk groups for treatment response, and further exploration of the nonremission categories is warranted. Most likely, given the small number of these more debilitated patients, power will need to be borrowed across studies to derive true biomarkers of these subcategories of nonresponse that will inform treatment recommendations.
In conclusion, the use of trajectory analysis for the grouping of subjects by RRP provides important information not found in endpoint response categories, and controlling for baseline severity score allows for more meaningful RRPs that are not defined primarily by their baseline severity. Future work can utilize these RRPs to provide important groupings for the testing of treatment-specific predictors of early treatment response and nonresponse so that treatments can be more precisely targeted, thereby enhancing their effectiveness.
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